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Heterogeneous climatic controls on 
tropical-forest biomass

Matheus Henrique Nunes1 ✉, Helene C. Muller-Landau2, Eric Bastos Görgens3, 
Adrian Pascual1 & Ralph Dubayah1

Tropical-forest aboveground biomass (AGB) is a major component of the global carbon 
cycle and understanding its response to climate change is crucial for predicting future 
climate–carbon feedbacks. Yet debate continues as to whether differences between 
studies in observed associations with climate reflect true regional variation or 
methodological differences1–5. Here we analyse around 16 million spaceborne-LiDAR- 
derived estimates of AGB for the year 2020 across intact lowland forests in the Amazon, 
the Congo Basin and Southeast Asia to investigate how climatic variables differentially 
relate to AGB on pantropical scales. We show that climatic associations with AGB are 
heterogeneous and depend on environmental context. Temperature dominates in 
drier forests, with AGB in the Congo Basin the most sensitive to warming, whereas 
Southeast Asian forests have the strongest declines in AGB under increasing water 
limitation. Across regions, the effects of temperature and drought anomalies  
intensify with aridity and are further modified by soils and topography. In the tallest 
(above 70 m), carbon-dense forests6,7, storms (lightning and windthrow) emerge  
as a strong negative driver. These results reconcile previously conflicting findings  
and show that predicting tropical-forest carbon storage requires accounting  
for interactions among climate, disturbance, soil and topography in a variety of 
biogeographical contexts.

The aboveground biomass (AGB) of tropical forests is a major com-
ponent of the global carbon cycle8. It reflects the net balance of forest 
productivity with tree mortality and branchfall, each shaped by floristic 
composition, environmental variation and global change9. There is 
wide variation in carbon stocks across intact lowland tropical forests, 
both within and between continents10. Although much progress has 
been made in understanding the influences of the environment on 
AGB variation at local scales5, ground plots sample only a tiny propor-
tion (less than 0.001%) of tropical-forest area and constitute a highly 
uneven sample, with major geographical gaps11. Therefore, we might 
have a skewed understanding of how much carbon tropical forests 
can store, because ground-based plots oversample relatively acces-
sible sites, which are also characterized by distinct environmental 
conditions, land-use legacies and disproportionately large amounts 
of archaeological evidence of past human activities12,13.

The effects of environmental variables on AGB can shift in magni-
tude and direction at local and regional scales14, and thus a complete 
understanding of environmental influences requires relatively dense 
and spatially distributed observations. Plot-based studies have pro-
vided valuable insights into the effects of temperature3,4 and water 
availability1,2, and some have also investigated storm-related drivers 
and their interactions with other environmental factors15. However, 
differences in plot locations, spatial coverage and sampling intensity 
can make it challenging for field studies to capture the full range of 
environmental variability and the interactions among environmental 

drivers across tropical forests. A more complete understanding of 
environmental influences on AGB is crucial for assessing the carbon 
benefits of protecting tropical forests and Earth system vulnerability 
to global change.

Most Earth system models assume that environmental effects on 
tropical-forest AGB are consistent everywhere9,16, but climate, geol-
ogy, topography, evolutionary history and biogeography jointly lead 
to complex variation in AGB17,18. Resource availability (for example, 
soil nutrients, water availability and solar radiation) and disturbance 
regimes (for example, prolonged droughts and lightning) interac-
tively influence demographic processes that control AGB. Water 
availability is key for supporting the growth and maintenance of tall 
trees, which are particularly vulnerable to cavitation during periods 
of prolonged droughts19. However, high rainfall is generally associ-
ated with frequent cloud cover, which limits photosynthesis, and the 
development of deep convective clouds, which is linked to lightning 
and high-velocity downdrafts (downbursts) that increase the prob-
ability of windthrows and tree damage20–23. Similarly, solar radiation is 
a fundamental resource, but high solar radiation is associated with high 
temperatures and increased evaporative demand, which can reduce 
water availability and growth and increase tree mortality4,24. Soils and 
topography influence plant growth and defence strategies and further 
modulate climate effects, in part owing to associated variation in func-
tional composition25. However, it remains unclear which combinations 
of climatic factors most strongly limit the AGB of anthropogenically 
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undisturbed forests within and between biogeographical regions. The 
relative importance of climatic drivers might shift under different envi-
ronmental conditions, but how these shifts manifest spatially is poorly 
understood. More information about the underlying processes that 
drive biomass variation is necessary to improve Earth system model 
predictions of current spatial variation and our comprehension of 
forest responses to environmental changes16.

AGB variation in intact tropical forests
We used 16 million remotely sensed AGB estimates across intact 
tropical forests from the Global Ecosystem Dynamics Investigation 
(GEDI) spaceborne light detection and ranging (LiDAR) mission26 for 
the year 2020 to elucidate the interacting influences of mean annual 
temperature (MAT), aridity, drought magnitude and storms, and 
how their relationships with AGB vary with topography and soil at 
landscape scales. An intact forest landscape is defined as a continu-
ous mosaic of forest ecosystems with no remotely detected signs 
of human activity that occupies a minimum area of 500 km2 and is 
at least 10 km wide at the broadest place27. GEDI AGB estimates are 
derived from LiDAR-based relative canopy heights, which are excel-
lent predictors of spatial variation in AGB in tropical forests28. How-
ever, they are not perfect, because forests with the same canopy 

height can differ in biomass owing to variation in trunk diameters and  
wood densities29.

AGB in intact lowland tropical forests is highly variable and strongly 
spatially structured within and across regions (Fig. 1a). Our sampling 
spans the entire range in AGB across intact lowland forests in Ama-
zonia, the Congo Basin and Southeast Asia (Fig. 1a). Mean AGB esti-
mates (± s.d.) in intact lowland forests were 222 ± 75 Mg ha−1 in the 
Amazon, 226 ± 63 Mg ha−1 in the Congo Basin and 370 ± 107 Mg ha−1 
in Southeast Asia. We aggregated GEDI footprint-level AGB estimates 
to average values for 2.5 × 2.5-km grid cells for analyses of the rela-
tionship of AGB with climate, topography and soils. This reduced the 
measurement noise and sampling uncertainty that are inherent in 
individual footprints30, and improved alignment between biomass 
estimates and the coarse spatial scale of climatic driver data. Subse-
quent landscape-scale analyses were done using around 285,000 values 
for 2.5 × 2.5-km grid cells (around 215,000 for the Amazon, 40,000 
for the Congo Basin and 30,000 for Southeast Asia). We also present 
footprint-level analyses for each ecoregion in Extended Data Fig. 1 to 
show relationships between the environment and AGB at finer spatial  
scales.

We first performed two principal component analyses (PCAs) to 
define axes representing aridity and storms (Extended Data Fig. 2a,b). 
Higher values on the aridity axis indicate more seasonal and arid 
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Fig. 1 | Pantropical variation in AGB and climate variables in intact lowland 
tropical forests in three biogeographical regions. a, Spatial variation in 
mean AGB in lowland intact forests estimated from GEDI spaceborne LiDAR in 
2020 across 13 ecoregions. Each hexagonal point corresponds to a grid cell of 
around 1,770 km2 (approximately 50 × 50 km). The number of footprints across 
intact lowland tropical forests varies among grid cells, reflecting land use  
and availability of GEDI data (Extended Data Fig. 10). b, Variation within  
each biogeographical region in four climatic drivers: MAT, an aridity index, 
drought magnitude and a storm index. The aridity and storm indices represent 
dimensions of variation derived from separate PCAs, with aridity capturing 

precipitation seasonality, temperature seasonality, water deficit throughout 
the year and solar radiation, and storms capturing lightning frequency  
and CAPE (associated with windthrow probability). Drought magnitude is 
calculated as the absolute value of the cumulative sum of SPEI values below −1 
on a 180-day timescale for the years 1980–2019, thereby integrating both the 
duration and the intensity of drought events in the previous 40 years. Sample 
sizes: Amazon n = 216,667; Congo Basin n = 40,306; Southeast Asia n = 29,436. 
In box plots, the centre line indicates the median, the box bounds are the 25th 
and 75th percentiles (interquartile range; IQR) and the whiskers extend to the 
most extreme values within 1.5 × IQR of the box bounds.
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conditions, marked by a more negative (lower) maximum climatological 
water deficit (MCWD); higher intra-annual variability in precipitation 
and temperature, marked by longer dry periods (more months with 
precipitation lower than 100 mm); and higher numbers of clear-sky 
days (a proxy for direct solar radiation). By contrast, lower values on 
this axis indicate aseasonal climates with higher mean annual precipita-
tion (MAP), heavy rains with at least 20 mm of precipitation daily and a 
minimal water deficit throughout the year. Aridity thus captures typical 
seasonal water deficits (Extended Data Fig. 2a). Our storm index is based 
on co-varying lightning frequency and convective available potential 
energy (CAPE). Because CAPE values higher than 1,023 J kg−1 are asso-
ciated with an eightfold higher probability of windthrow, compared 
with lower values23, we emphasized extreme convective conditions 
by including first- and second-order terms of excess CAPE (defined as 
CAPE values higher than 1,023 J kg−1) (Extended Data Fig. 2b). Higher 
values of the storm index indicate regions with higher frequencies of 
lightning and windthrows21,31,32. Note that this storm index does not 
include tropical cyclones, which are exceedingly rare in lowland tropi-
cal forests and essentially absent in our study areas.

We then fitted linear mixed-effects (LME) models for tropical-forest 
AGB using a combination of backward selection and the least abso-
lute shrinkage and selection operator (LASSO) method, which fits a 
regression model while preventing overfitting by penalizing coeffi-
cient size, keeping only the most informative predictors. We tested 
direct effects and interactions of climatic, edaphic and topographi-
cal predictors, with separate models fitted in each biogeographi-
cal region (the Amazon, the Congo Basin and Southeast Asia). We 
included MAT, aridity, drought magnitude, storms, clay content, 
cation exchange capacity (CEC), topographical position index (TPI; 
at 150 m and 1,000 m scales, indicating topographical position from 
ridges and interfluves to valleys) and slope. Here, drought magnitude 
is defined as the absolute value of the sum of standardized precipita-
tion–evapotranspiration index (SPEI) values below −1 on a 180-day 
timescale, integrating the duration and intensity of drought events 
between 1980 and 2019. It therefore characterizes long-term exposure 
to drought rather than any single event; it is strongly related to the 
intensity of El Niño events33.

These environmental variables were mostly uncorrelated (Extended 
Data Figs. 3–5). Log-transformed and quadratic terms included in the 
LME model captured non-linear relationships between AGB and envi-
ronmental variables (Supplementary Figs. 4–6), and we also tested 
first-order interactions. Each LME model included random effects for 
ecoregions (six ecoregions in the Amazon, five ecoregions in the Congo 
Basin and two ecoregions in Southeast Asia; Fig. 1a) and for 50 × 50-km 
grid cells nested within ecoregions, to account for spatially autocor-
related biogeographical differences including those due to species 
and functional composition34.

Climatic relationships with AGB
Climatic variables were associated with variation in tropical-forest 
AGB across all regions, with landscape-scale patterns mainly consist-
ent with mechanisms proposed in previous studies (Table 1), but the 
magnitude and direction of these associations varied. In the Amazon 
and the Congo Basin, temperature had the strongest negative effect, 
whereas in Southeast Asia, aridity (typical seasonal water limitation), 
drought magnitude and storms had the strongest negative effects 
(Fig. 2). The lower vulnerability of Amazonian and Congo Basin for-
ests to water limitation, relative to Southeast Asian forests, is likely 
to reflect long-term climatic legacies, because past environmental 
conditions favoured the persistence of more drought-tolerant spe-
cies17,35. Stand-level analysis for each ecoregion reveals the major effects 
of storms on AGB in Southeast Asia and the eastern Guiana Shield, 
which highlights the importance of disturbances from lightning and 
convective winds in shaping the AGB of tall forests dominated by trees 

exceeding a height of 70 m (Extended Data Fig. 12, based on footprint- 
level analysis).

The climatic impacts were strongly dependent on environmental 
context. Declines in biomass with temperature and drought were 
stronger in more arid areas (Fig. 2), and topography and soil proper-
ties further mediated climatic effects across tropical forests (Extended 
Data Figs. 6–8). These results show that no single factor explains the 
spatial variation in AGB; instead, it reflects the combined influences of 

Table 1 | Predicted relationships, hypothesized ecological 
and physiological mechanisms and results from this study 
on the effects of temperature, aridity, drought magnitude 
and storms on AGB in intact lowland tropical forests

Temperature (MAT)

Prediction: negative effect on AGB and a strong negative interaction with 
aridity

Mechanism: higher temperatures increase vapour pressure deficit (VPD), 
leading to stomatal closure, reduced photosynthesis, hydraulic stress and 
higher tree mortality, especially where water availability is lower33,62,63

Results:
Amazon: strong negative effect
Congo Basin: very strong negative effect and strong negative interaction with 
aridity
Southeast Asia: no significant direct effect, but strong negative interaction 
with aridity
Overall, significant interaction effects of temperature with aridity, soil and 
topography across all regions

Aridity (precipitation seasonality, water deficit and solar radiation)

Prediction: mostly negative effect on AGB; effects might be non-linear

Mechanism: high aridity (long dry seasons) directly decreases productivity 
because lack of water causes many plant species to become deciduous 
or to shut down leaves (close stomata), and can increase tree mortality41. 
At the opposite extreme, very low aridity (everwet) is associated with high 
cloud cover and reduced solar radiation, reducing productivity24,45. Under 
intermediate aridity (short dry seasons), many plants and species can maintain 
access to water and benefit from increased solar radiation, maximizing 
productivity

Results:
Amazon: non-linear relationship; AGB peaks at intermediate aridity (negative 
effects of aridity2)
Congo Basin: positive direct effect with negative effects at higher temperature 
(strong negative interaction effect with temperature)
Southeast Asia: very strong negative effect, despite the lower aridity relative to 
other tropical regions

Drought magnitude (SPEI anomalies)

Prediction: negative effect on AGB

Mechanism: severe droughts (much drier than normal for a site) can cause 
hydraulic failure and carbon starvation, reducing productivity and increasing 
mortality, and thus reducing AGB33

Results:
Amazon: drought interacts strongly with aridity, reducing AGB in more arid 
forests but increasing it in everwet (radiation-limited) forests
Congo Basin: no significant effect or interaction with aridity
Southeast Asia: very strong negative effect, and a strong negative interaction 
with aridity, meaning that drought effects are exacerbated in arid forests

Convective storms (lightning + CAPE)

Prediction: negative effect on AGB

Mechanism: lightning strikes and convective winds cause tree mortality 
through snapping, uprooting and crown damage, reducing woody residence 
time and thus AGB21,31,32

Results:
Amazon: no direct effects, but strong negative interaction with temperature, 
meaning that storm effects are more negative in warmer forests
Congo Basin (most intense storms): weak negative effect
Southeast Asia: no direct effects, but very strong negative storm effects in arid 
forests
Overall, significant interaction effects of storms with aridity or temperature 
across all regions. Footprint-based analyses for each ecoregion reveal very 
strong negative storm effects in some very tall forests (exceeding a height of 
70 m; including eastern Guiana Shield and Sumatra, but not Borneo)
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several environmental variables. We provide standardized regression 
coefficients and full model summaries for the landscape-scale analyses 
in Supplementary Tables 1–3.

Our models explained 53–72% of the variation in AGB at the landscape 
scale. At the footprint level, uncertainties were much higher, with an 
R2 value of 25% for all three biogeographical regions, indicating the 
scale dependence of relationships between biomass and climatic vari-
ables. The fixed environmental effects (climate, soils and topography) 
explained 14–20% of AGB variation within each biogeographical region, 
whereas the spatial random effects for ecoregions and 50 × 50-km grid 
cells together explained 33−57% of variation (fixed, ecoregion and 
grid-cell effects: 14%, 22% and 35% in the Amazon; 20%, 1% and 40% in 
the Congo Basin; and 20%, 10% and 23% in Southeast Asia). Therefore, 
much of the spatial variation in the AGB of intact forests reflects biogeo-
graphical and landscape-scale differences that the included climate, 
soil and topography variables alone do not capture.

In addition, large unexplained variance remains. The cross-validated 
R2 of our models computed on held-out data was 45%, 32% and 28% for 
the Amazon, the Congo Basin and Southeast Asia, respectively. Random 
forest models using the same environmental predictors alongside 
latitude and longitude resulted in comparable cross-validated R2 values 
(48%, 35% and 31%) (Supplementary Methods 5), suggesting that nonlin-
earities or interactions contribute little to residual variance. Residual 
variance could therefore be a result of (i) AGB being a snapshot of ongo-
ing forest dynamics, with trees dying, growing and recruiting through 
partly stochastic processes after natural disturbances36; (ii) high spatial 
heterogeneity in tropical-forest structure within the 2.5-km grid cells, 
which is caused by local variation in topography, soils and microclimate 
and which coarse-resolution predictors do not resolve37; and (iii) our 
explanatory variables being themselves imperfect; better climate and 
soil metrics might explain a larger proportion of the variation.

Temperature was the single most important climate variable in Ama-
zonia and the Congo Basin, with substantial negative standardized 

coefficients for log-transformed MAT (Fig.  3a; βAmazonia = −0.15, 
βCongo = −0.36, with all P values < 0.0001), whereas Southeast Asian 
forests had no significant direct effects (βSE Asia = 0.00, P = 0.9). Tem-
perature also had strong negative interactions with aridity (aridity ×  
ln(MAT): βAmazonia = −0.02, P = 0.0082; βCongo = −0.11, P < 0.0001; 
βSE Asia = −0.10, P < 0.0001). Thus, under high aridity, higher tempera-
tures were associated with lower biomass across all biogeographi-
cal regions (Fig. 4a–c). Negative effects of temperature and negative 
interactions with aridity are consistent with hypothesized mechanisms 
involving decreased productivity and increased tree mortality, owing 
mainly to the associated increase in vapour pressure deficit (VPD) or 
atmospheric dryness (Table 1). Previous analyses of tree census data 
for 590 tropical-forest plots4 found that sites with a higher maximum 
temperature had substantially lower AGB and woody productivity, 
and that the combination of higher temperature and higher aridity 
led to lower biomass residence. Our analyses of a much larger dataset 
also found consistently negative effects of temperature, and revealed 
strong regional variation in this thermal sensitivity.

The thermal sensitivity of AGB is 2.5 times higher in the Congo Basin 
than it is in the Amazon, whereas there is no evidence for thermal sensi-
tivity in cooler Southeast Asia (regional mean temperatures are 25.7 °C 
in the Amazon, 24.4 °C in the Congo Basin and 23.6 °C in Southeast 
Asia). Among forests in each region, a 1 °C higher MAT is associated 
with 27.6 Mg ha−1 lower AGB in the Congo Basin, 11.0 Mg ha−1 lower AGB 
in the Amazon and 0.1 Mg ha−1 lower AGB in Southeast Asia (if all other 
variables are held at their regional means). The larger thermal sensitiv-
ity of the Congo Basin forests might in part reflect regional differences 
in current temperatures and aridity, as well as different evolutionary 
and biogeographical histories that shape species composition and 
functional traits38. Soil properties and topography also had a key role 
in modulating the effects of temperature in both the Amazon and the 
Congo Basin, resulting in locally heterogeneous buffering or amplifica-
tion of temperature influences (Extended Data Figs. 6–8).
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intermediate aridity (around the 30th percentile) in the Amazon (quadratic 
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declining effect. b, Variation in the effects of MAT and drought with regional 

aridity. Low and high aridity represent forests at the 10th and 90th percentiles 
of regional aridity (aridity corresponds to a dimension obtained by PCA: −3.4 to 
2.2 in the Amazon, −1.4 to 1.9 in the Congo Basin and −5.6 to −2.3 in Southeast 
Asia). Sample sizes: Amazon n = 216,667; Congo Basin n = 40,306; Southeast Asia 
n = 29,436. LME models incorporated first- and second-order (squared-term) 
effects of these climatic variables, together with soil variables (clay content 
and CEC) and topographical variables (TPI at 150 m and 1,000 m, and slope),  
as predictors, along with their two-way interactions, as well as random effects 
for 50 × 50-km grid cells nested within ecoregions.
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Fig. 3 | Partial climatic effects on AGB among ecoregions in the Amazon,  
the Congo Basin and Southeast Asia. We show how predicted AGB varies 
(while holding all covariates constant at their mean value within each ecoregion) 
with MAT (a), the aridity index that is related to seasonality in precipitation  
and temperature, maximum water deficit within a year and clear-sky days (b), 
drought magnitude derived from the SPEI (c) and the storm index (d). β is  
the standardized regression coefficient for the respective climatic variables 

obtained from LME models, and asterisks indicate two-sided significance: 
*P < 0.05, **P < 0.01, ***P < 0.001, NS, not significant. Exact P values obtained 
from two-sided tests of fixed effects in the LME models are provided in 
Supplementary Tables 1–3; no adjustment was made for multiple comparisons. 
Line colours correspond to ecoregions. Sample sizes: Amazon n = 216,667; 
Congo Basin n = 40,306; Southeast Asia n = 29,436. The partial effects of soil 
and topographical variables on AGB are also presented in Extended Data Fig. 11.
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Water deficits related to aridity and drought magnitude also exert 
widespread influences on AGB (Fig. 3b,c), with variable effects across 
the tropics. Southeast Asian forests exhibited the strongest linear 
declines in AGB with increasing aridity (β = –0.56, P < 0.0001) and more 
intense droughts (β = −0.13, P < 0.0001), despite having the mildest 
aridity and drought anomalies of the three biogeographical regions. 
On average, these forests experience only 0.4 ± 0.6 months per year in 
which precipitation is less than 100 mm, and they have a lower drought 
magnitude (129 ± 37) than do forests in the Amazon (183 ± 60) and the 
Congo Basin (155 ± 52). These results indicate that Southeast Asian 
forests have a low tolerance of moisture limitation, even under short 
intra-annual dry seasons. In many parts of Southeast Asia, dry periods 
are associated with occasional strong El Niño events and are relatively 
unpredictable, occurring in some years and not others, with variable 
seasonal timing. This climatic unpredictability, combined with a relative 
dearth of traits that convey tolerance to seasonal droughts and a high 
endemism of tall dipterocarps adapted to high water availability, make 
Southeast Asian forests particularly vulnerable to higher water limita-
tion, in comparison with Amazonian and Congolian forests39,40 (Fig. 4f).

In Amazonia, where the greatest range of aridity levels was observed, 
we found a significant quadratic effect of aridity (aridity: β = –0.05; 
aridity2: β = –0.09; all P values < 0.0001), with AGB peaking at moderate 
values (when the aridity axis is –0.8, which corresponds to an average of 
2.5 ± 0.5 months per year with less than 100 mm of precipitation). Mod-
erate aridity is likely to relieve light limitation owing to increased solar 
radiation (decreased cloudiness), while inducing little water limitation 
in this region because of the combination of shorter dry seasons and a 
flora that has been selected to withstand such conditions by historical 

exposure to seasonal droughts41. More intense aridity caused by longer 
dry seasons leads to substantial declines in AGB, because prolonged 
dry seasons can increase tree mortality and reduce growth in the  
Amazon42. The wettest areas of the Amazon also have lower AGB, which 
could reflect a combination of light limitation (low solar radiation), 
more-frequent extreme rainfall events (increasing tree mortality) and 
an increased predominance of species with low investments in hydraulic 
safety and high woody biomass turnover rates17,43,44.

The effects of more drought varied with aridity across the Amazon, 
with arid forests showing strong negative effects and everwet forests 
showing positive effects (Fig. 4d; drought: β = 0.01, P = 0.01; drought 
× aridity: β = −0.03, P < 0.0001). An increase in AGB with drought was 
observed in aseasonal, everwet conditions in parts of northwestern 
Amazonia and the western Guiana Shield with annual precipitation lev-
els higher than 3,200 mm. Although tree species in the everwet forests 
might be more vulnerable to drought owing to lower wood density and 
less embolism-resistant xylem17, moderate drying reduces cloud cover 
and increases incoming solar radiation, which could increase carbon 
gain provided that trees maintain hydraulic function, tissue mainte-
nance and defence45,46. Indeed, tropical forests receiving more than 
around 2,000 mm of rainfall per year with deep rooting systems can 
sustain evergreen canopies during more prolonged droughts18,24,41,45, 
suggesting that light rather than water constrains productivity in 
these everwet regions of the Amazon. Together, these results suggest 
a conditional resilience to drought anomalies in the Amazon. Never-
theless, continued longer dry seasons could shift this balance, reduc-
ing drought-induced productivity gains and increasing vulnerability 
across the Amazon33.
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Fig. 4 | Temperature and drought effects depend on aridity across all 
biogeographical regions. Here we show predicted AGB from LME models, 
relative to the regional mean AGB, as a function of MAT (a–c) and drought (d–f), 
and how these relationships shift across aridity levels (colours) and differ 
among regions (columns: Amazonia (a,d,) Congo Basin (b,e) and Southeast 
Asia (c,f)). Blue and red lines represent forests in the 10th and 90th percentile 
of regional aridity, respectively (aridity axis based on a PCA varied between 
−3.4 and 2.2 for the Amazon, −1.4 and 1.9 for the Congo Basin, and −5.6 and −2.3 
for Southeast Asia). Predicted relative AGB varied significantly with the 
interactions between log-transformed MAT and aridity (a–c), and drought 

magnitude and aridity (d–f), indicating that each main effect was modified by 
aridity. β is the standardized regression coefficient for the environmental 
variable shown on the x axis. Exact P values obtained from two-sided tests of 
fixed effects in the LME models: P = 0.0082 (Amazon), P < 0.0001 (Congo Basin) 
and P < 0.0001 (Southeast Asia) for the ln(MAT) × aridity interaction, and 
P < 0.0001 (Amazon), P = 0.2341 (Congo Basin) and P = 0.0130 (Southeast Asia) 
for the drought × aridity interaction. No adjustment was made for multiple 
comparisons. Sample sizes: Amazon n = 216,667; Congo Basin n = 40,306; 
Southeast Asia n = 29,436. Interactions among all environmental variables are 
shown in Extended Data Figs. 6–8.
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In the Congo Basin, forest biomass increased with aridity (β = 0.05, 
P = 0.05), despite some ecoregions experiencing more than 4 dry 
months per year with less than 100 mm of rainfall (Extended Data 
Fig. 9). However, the interaction between aridity and temperature 
was strongly negative (aridity × ln(MAT): β = −0.11, P < 0.001), such 
that biomass declined with aridity in higher temperatures (Extended 
Data Fig. 7e). Forest AGB in the Congo Basin was unrelated to drought 
(drought: β = 0.00, P = 0.63), even in the most arid regions (Fig. 4e), 
suggesting that the Congo Basin forests are remarkably resilient to low 
water availability. These findings align with the higher resilience and 
positive carbon sink of tropical African forests during strong El Niño 
droughts47, although our results showing the dependence of aridity on 
temperature suggest that this higher resilience of Congolian forests to 
water limitation could be at risk in higher temperatures.

The observed increase in AGB with aridity across the Congo Basin—
when forests are not thermally limited—alongside a lack of response to 
stronger droughts (even in the most arid regions) could reflect adapta-
tions or species selection during the marked climatic changes in African 
forests during the Pleistocene and Holocene35,48. A field natural experi-
ment has shown that a shift in species composition in old-growth forests 
of Ghana with long-term shifts in aridity (lower annual precipitation 
and longer dry seasons) increased the abundance of non-pioneer tall 
tree species that are deciduous, drought-tolerant and light-demanding, 
and resulted in higher forest AGB1. Semi-deciduous African forests with 
intermediate aridity can be more productive than wet evergreen forests, 
because of high light availability49, and tropical African forests can 
increase their net primary productivity even with an increasing VPD50.

We also found that AGB was lower where the storm index was higher 
across all biogeographical regions, although this association depended 
on environmental conditions and forest structure (Fig. 3d). High storm 
index was associated with lower biomass in the Congo Basin (β = −0.02, 
P = 0.02), where storms are considerably more frequent than they are 
in other tropical regions (Fig. 1b), as well as in forests experiencing high 
temperature or aridity across all regions (storm × ln(MAT) in Amazo-
nia: β = −0.05, P < 0.001; storm × aridity in the Congo Basin: β = 0.03, 
P = 0.02; storm × aridity in Southeast Asia: β = −0.15, P = 0.03). Storms 
can reduce forest AGB by damaging and killing trees—lightning can 
account for as much as 50% of mortality in trees with a diameter at 
breast height (DBH) greater than 60 cm, and windthrow mortality 
after blowdowns ranges from 0% to 70%51,52. We found that the nega-
tive association with storms was stronger under high temperatures or 
aridity. These results are consistent with field observations showing 
that physiological stress increases susceptibility to mechanical failure, 
including stem breakage and uprooting53,54.

Our footprint-level analysis for each ecoregion also revealed that the 
influences of storms were particularly strong in some of the tallest tropi-
cal forests (Extended Data Fig. 1). We found that storms had the largest 
effect size in the eastern Guiana Shield (β = −0.21, P < 0.0001) and a large 
effect size in Sumatra (β = −0.09, P < 0.001; comparable with the effects 
of aridity). The eastern Guiana Shield and Southeast Asia experience low 
frequencies of storms and large-scale wind disturbances55,56 (Extended 
Data Fig. 9), which could explain the persistence of trees exceeding 
70 m in height, including the tall dipterocarps of Southeast Asia and 
Dinizia excelsa trees in eastern Amazonia57,58. Notably, our results show 
that small increases in storms are associated with disproportionately 
large reductions in biomass in these forests, making storms one of the 
strongest—and potentially most underappreciated—controls of the 
structure and carbon storage of the world’s tallest forests.

Conclusions and future directions
The GEDI spaceborne LiDAR mission mapped forest AGB across the 
tropics, and thereby provided the power to quantify complex interac-
tions and heterogeneous relationships with climate, soils and topog-
raphy. The AGB patterns captured in our models reflect broad-scale 

interactions between long-term climate, landscape biogeochemistry 
and natural disturbances such as droughts, heavy rainfall, windthrows 
and lightning. The spatial association between forest biomass and cli-
mate could reflect variation in the functional composition of dominant 
tree species that shapes the structure and dynamics of tropical forests59.

Broadly consistent with previous plot-based evidence of the 
mechanisms of AGB variation with climate, our findings show that 
region-specific interactions of climate and other environmental vari-
ables result in spatially variable vulnerability of tropical carbon stocks 
to climatic variability. Considering that temperatures are increasing 
and dry seasons are becoming longer across some tropical forests60, 
the synergistic effects we have found suggest that the negative effects 
of temperature and droughts on biomass could be larger than is cur-
rently assumed.

The heterogeneous findings also highlight opportunities and ave-
nues for future research. In providing a more comprehensive assess-
ment of the complexity of forest–environment relationships, our work 
adds nuance to researchers’ understanding of forest AGB and its role in 
the broader planetary system. It calls for targeted field campaigns that 
are designed to sample environmental gradients in combination rather 
than in isolation across ecoregions and biogeographical regions, such 
as the PAN tropical investigation of biogeochemistry and ecological 
adaptation (PANGEA) scoping effort61. Advancing process-based and 
Earth system models will require incorporating interaction terms and 
non-linear responses explicitly, moving beyond additive frameworks to 
better capture the responses of tropical-forest ecosystems to climate.
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Methods

GEDI footprints and data filtering
This study used the GEDI L4A estimated AGB product at the footprint 
level (around 25 m)64,65 and environmental data to investigate the driv-
ers of AGB across intact lowland forests in the Amazon, the Congo Basin 
and on the islands of Sumatra and Borneo in Southeast Asia. We used 
GEDI footprints collected between 1 January and 31 December 2020. We 
chose that time window to match a map of intact landscapes that had 
not been disturbed by the end of the year 2020 (https://glad.umd.edu/
intactforests/data.ifl.html). We first filtered out GEDI footprints that 
did not meet the requirements for biomass estimation65. The quality 
filter (l4_quality_flag = 1), however, does not fully prevent outliers from 
the presence of persistent cloud coverage, which is frequent in tropical 
areas; we also removed canopy height values that exceeded 88 m in 
the Amazon66, 82 m in the Congo Basin67 and 101 m in Southeast Asia6.

GEDI L4A biomass models were calibrated using airborne-laser- 
scanning data to simulate GEDI waveforms over reference biomass 
plots28. These calibrations were developed separately by plant func-
tional type and continent, capturing regional structural and ecological 
differences. The equations use relative height metrics as predictors, 
with the 98th height above ground-level percentile (RH98) selected 
as the sole predictor in most models28. Once calibrated, these models 
are applied to on-orbit GEDI measurements collected from the Inter-
national Space Station to generate footprint-level biomass predictions 
along with associated uncertainty estimates. The accuracy of GEDI AGB 
estimates is intrinsically linked to the quality of GEDI canopy height 
measurements and the precision of the models used to estimate AGB 
from ground calibration data28. For more information on uncertainties 
in AGB estimation from GEDI canopy measurements, see Supplemen-
tary Methods 1. We show the relationships between canopy height and 
AGB and report the median AGB values (Supplementary Figs. 5 and 6).

We restricted our analyses to intact forests by using a map of intact 
forest landscapes produced by Global Land Analysis and Discovery 
(GLAD) to select landscapes that were not disturbed before the end 
of 2020. An intact forest landscape is defined as a continuous mosaic 
of forest and naturally treeless ecosystems with no remotely detected 
signs of human activity that occupies a minimum area of 500 km2 and 
is at least 10 km wide at the broadest place27,68. We further removed 
forests that were within 1 km from fragment edges to discard any 
potential edge effects from land-use change, considering that edge 
effects affecting biophysical processes that influence forest biomass 
can extend up to 1 km (ref. 69). The remaining intact forest landscapes 
comprise 20% of tropical-forest area and 40% of total aboveground 
tropical-forest carbon68. We removed floodplains and wetlands from 
our analysis using a global land cover and land-use map produced by 
GLAD in 2019, which was derived from Landsat satellite imagery and 
topographical data70. Such wetlands and floodplains represented 
around 9% of the GEDI footprints across intact tropical-forest land-
scapes. They have distinct ecological characteristics, because they 
are seasonally affected by flooding, which can lead to hypoxic condi-
tions and sediment deposition, shaping species composition, forest 
structure and dynamics71,72.

We also restricted our analysis to lowland areas with a ground eleva-
tion between 55 m and 900 m above sea level (ASL) using GEDI’s lowest 
elevation mode product, which is the mean elevation of the centre of 
the lowest waveform mode relative to the WGS84 reference ellipsoid. By 
doing this, we removed both coastal vegetation types with an elevation 
of 55 m or lower, which have direct maritime influences (for example, 
mangroves, restinga formations)73,74, and montane forests at 900 m ASL 
or higher, which are ecologically distinct and whose forest structure 
is strongly influenced by cloud dynamics75–77. To remove areas under 
the influences of rock outcrops and other factors that might hamper 
tree development, we analysed only footprints with a canopy height 
of at least 5 m on the basis of GEDI’s RH98. This also helped remove 

sparse and low-stature vegetation that presents higher uncertainties in 
estimating canopy height with small-size GEDI laser beam footprints78.

The resulting range and mean AGB values for each region align with 
previously published AGB values79. The final number of footprints was 
13,747,868 for the Amazon, 1,637,208 for the Congo Basin and 397,734 
for Southeast Asia, with footprint-level AGB estimates varying from 0 to 
1,958 Mg ha−1. One of the reasons for the lower number of GEDI shots in 
Southeast Asia is the persistent cloud coverage in the region relative to 
other tropical regions. At the footprint level, mean AGB estimates (± s.d.) 
are 251 ± 134 Mg ha−1 in the Amazon, 240 ± 103 Mg ha−1 in the Congo Basin 
and 402 ± 175 Mg ha−1 in Southeast Asia (Extended Data Fig. 12). For ref-
erence, we also graphed the variation in AGB across intact forest types 
not included in our analyses—montane forests, mangroves and flooded 
forests—for each biogeographical region (Supplementary Fig. 2).

We used two complementary approaches to investigate the environ-
mental drivers of AGB across the tropics, using both footprint-level 
GEDI observations and mean AGB data aggregated to 2.5 × 2.5 km to 
reduce the measurement noise and sampling uncertainty that are inher-
ent to individual footprints. Footprint-level and aggregated analyses 
address different ecological questions. Footprint-level data are better 
for evaluating relationships with environmental drivers that vary at 
fine scales and for which high-quality data are available at those scales, 
including topographical variables. At the same time, these data are 
inherently noisier and have high sampling error, because forests have 
high stochastic local variation at the footprint scale due to gap-phase 
dynamics, and thus the aggregated data are better for analysing how 
mean stand structure and biomass relate to environmental drivers that 
vary at larger spatial scales. Models are not necessarily comparable, 
because differences in coefficient magnitude and direction across 
scales could reflect scale dependence rather than model inconsist-
ency80. We therefore present both the footprint-level analysis by ecore-
gion and the aggregated analysis by biogeographical region (Amazonia, 
the Congo Basin and Southeast Asia).

Environmental variables
We at first considered 12 environmental variables that previous studies 
have associated with spatial variation in tropical-forest tree mortal-
ity rates, net primary productivity and/or AGB. Average values of the 
climatic variables were calculated at the grid-cell level (2.5 × 2.5 km) 
as the mean over a time interval ending in December 2019, with start 
dates varying depending on data availability. The end date for the cli-
mate time interval was chosen to ensure that the analysis captured the 
effects of previous climatic conditions on AGB, because our AGB values 
are from 2020. We summarize the information for each environmental 
variable in Extended Data Table 1.

Besides the environmental estimates used in this study, other vari-
ables remain to be tested. Differences in geological substrates beyond 
those captured in our CEC and clay-content estimates could strongly 
influence AGB through their effects on mineral type, soil age, soil struc-
ture, soil depth and access to groundwater81,82. Animal occurrence and 
abundance could have influenced AGB through effects on the den-
sity, size and shape of trees77,83,84. Other disturbances closely linked to 
climatic conditions, including strong winds that cause windthrows, 
wildfires, El Niño–Southern Oscillation events and climate change can 
affect species and functional composition85–88. Although we selected 
areas without recent human-induced disturbances, AGB in the focal 
areas could still have been influenced by legacies of human activity in 
pre-Columbian or post-Columbian societies89,90.

MAT and temperature seasonality (annual range in precipitation) 
were obtained from the WorldClim database of bioclimatic variables 
at a spatial resolution of 30 arc seconds (often referred to as 1-km spa-
tial resolution)91. The WorldClim database was derived from monthly 
averages of climate as measured at weather stations for the 1950–2000 
period and then interpolated using a spline algorithm to create global 
climate surfaces for monthly precipitation and mean temperature. 
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The long-term MAT was calculated from the average yearly tempera-
tures from January 1980 to December 2019. Seasonality in temperature 
represents the variation in temperature over a year on the basis of the 
standard deviation of monthly temperature averages.

Drought was assessed using the SPEI, a standardized metric that quan-
tifies deviations in climatic water balance (precipitation minus potential 
evapotranspiration, P − PET) relative to long-term conditions92. SPEI 
integrates precipitation and atmospheric evaporative demand, rep-
resented by PET, enabling the assessment of drought severity across 
multiple timescales. SPEI is calculated by taking the absolute value 
of the sum of the P − PET series over a given timescale and standard-
izing it by fitting a log-logistic probability distribution to a reference 
period, allowing consistent comparisons across regions, seasons and 
timescales. We used the Global SPEI database (SPEIbase) v.2.11, available 
in Google Earth Engine, at 0.5° spatial resolution and monthly tempo-
ral resolution93. SPEIbase estimates PET using the Penman–Monteith 
formulation. The SPEI indices were calibrated using the full 1981–2019 
reference period. In this study, drought events were defined as periods 
with SPEI < −1 on a 180-day (6-month) timescale, following a previous 
study94. The 180-day timescale captures short- to medium-term drought 
conditions, and is ecologically relevant for investigating vegetation 
responses to prolonged moisture deficits33,95. Drought magnitude was 
quantified as the cumulative SPEI deficit during each event, calculated 
as the absolute value of the sum of SPEI values below −1 over the dura-
tion of the drought. This drought magnitude based on cumulative SPEI 
integrates both the duration and the intensity of drought conditions 
into a single measure of total climatic water stress, and does not dis-
tinguish short-term from long-term drought events.

MAP, precipitation seasonality, number of months per year with pre-
cipitation below 100 mm, number of days per year with precipitation 
above 20 mm and MCWD were calculated from CHIRPS (Climate Haz-
ards Group Infrared Precipitation with Station) data. CHIRPS integrates 
satellite imagery with in-situ station data to produce high-resolution 
estimates of rainfall96,97. These variables were calculated using monthly 
data from January 1981 to December 2019, at a spatial resolution of 0.05° 
(around 5.6 km). MAP was computed as the long-term average of total 
annual rainfall, and precipitation seasonality was quantified as the coef-
ficient of variation of monthly precipitation across years, capturing the 
intra-annual variability in rainfall. MCWD is a measure of aridity within 
a year, tracking how much precipitation falls short of evapotranspira-
tion in consecutive months. It is an indicator of climatic water stress 
that does not consider local soil conditions and plant adaptations. We 
used a global CHIRPS-based MCWD database (https://zenodo.org/
records/4903340) as in a previous study96. MCWD was calculated for 
each pixel as the negative of the minimum value of accumulated water 
deficit among all the months in each one of the years.

The number of clear days was computed from Moderate Resolution 
Imaging Spectroradiometer (MODIS) surface reflectance products at 
1,000-m spatial resolution, which provides an estimate of the surface 
spectral reflectance as it would be measured at ground level in the 
absence of atmospheric scattering or absorption98. We used the Terra 
MOD09GA v.6 product, which provides an estimate of the surface spec-
tral reflectance of MODIS, corrected for atmospheric conditions. The 
long-term average was calculated as the mean number of clear days 
per year at the GEDI footprint level over the period between March 
2000 and December 2019.

CAPE was used as an indicator of atmospheric instability and storm 
potential. In the European Centre for Medium-Range Weather Forecasts 
(ECMWF) ERA5 reanalysis, CAPE is derived from parcel ascent calcula-
tions using temperature and humidity profiles, retaining the maximum 
positive buoyancy among parcels originating below 350 hPa. CAPE 
represents the vertically integrated excess buoyancy of an air parcel 
relative to its environment, and is therefore linked to the strength of 
convective updrafts and the development of intense convective storms. 
Higher CAPE values indicate environments that are more favourable 

for severe convection and associated surface winds. In the Amazon, 
CAPE has been shown to strongly predict the spatial distribution and 
density of large windthrow events, with windthrows occurring nearly 
eight times more frequently in environments where CAPE exceeds 
1,023 J kg−1 than in lower-CAPE environments23. Storm-generated winds 
cause tree mortality through uprooting, often mediated by soil proper-
ties, and stem breakage associated with mechanical failure21. We used 
afternoon mean CAPE values averaged from hourly ERA5 data from 
17:00 and 23:00 utc in local time over 1980–2019, following a previ-
ous study23. These average CAPE values over 40 years can capture the 
spatial pattern in CAPE while minimizing the influence of interannual 
climate variability on windthrow occurrence23. Our focal regions are 
outside the cyclone belts, and thus never experience cyclonic storms. 
In regions where they occur, cyclones (known in some regions as hur-
ricanes) have large and pervasive effects on forest structure, by killing 
and damaging trees99. Lightning stroke density (strokes per km per 
month) was calculated from georeferenced stroke-count data from 
the World Wide Lightning Location Network (https://zenodo.org/
records/10725446), gridded at 0.5° resolution and hourly temporal 
resolution. The long-term average lightning stroke density was then 
calculated as the mean value at the GEDI footprint level over the period 
between Jan 2010 and December 2019.

Soil CEC in cmolc kg−1 at 15-cm depth and soil clay content at 30-cm 
depth were predicted using a global compilation of soil ground obser-
vations at 250-m resolution100. Soil clay content was obtained using 
OpenLandMap and soil CEC was obtained from the International Soil 
Reference and Information Centre (ISRIC)’s SoilGrids (https://data.
isric.org/geonetwork/srv/api/records/5333b1af-7620-407f-8bca-
2303fc5c7288)100. Predictions were based on approximately 150,000 
soil profiles used for training and a stack of 158 remote sensing-based 
soil covariates (derived mainly from MODIS land products, Shuttle 
Radar Topography Mission (SRTM) digital elevation model derivatives, 
climatic images and global landform and lithology maps), which were 
used to fit an ensemble of machine-learning methods.

Topographical variation spans multiple spatial scales, from 
centimetre-scale surface roughness to mountain systems extending 
hundreds of kilometres. As a result, the links between tropical-forest 
structure and topographical metrics depend on the spatial scale at 
which those metrics are derived101. We used slope at a 30-m scale, as 
well as TPI at both 150-m and 1,000-m scales, as topographical variables 
that together are associated with plateaus, slopes, valleys, hilltops, 
ridges and drainage systems25,101–103. Slope quantifies the steepness of 
the terrain and affects water, nutrients and light availability102, and was 
calculated from the 30-m SRTM digital elevation model as the maxi-
mum rate of elevation change between each pixel and its surrounding 
neighbours, expressed in degrees. TPI describes the height of a pixel 
relative to the surrounding landscape and ranges from negative where 
the terrain is concave (valleys) to positive where it is convex (ridges and 
hilltops). TPI was calculated using the global NASA SRTM as input (30 m) 
by subtracting the mean elevation of a local neighbourhood from the 
original elevation value at each pixel using a moving window (kernel 
search), essentially comparing each pixel’s elevation to its surrounding 
area. TPI was computed at two neighbourhood scales: a microscale TPI 
of 150 m (around 5 pixels), capturing fine-scale topographical vari-
ation such as small local ridges and small depressions (for example, 
baixios), which are linked to local patterns of water redistribution, 
nutrient mobility and resource accumulation; and a mesoscale TPI of 
1 km (around 33 pixels), capturing intermediate landform positions 
including hills, valley systems and drainage features that are associated 
with variation in biomass across the landscape25,101.

Statistical analysis
AGB was modelled separately for each biogeographical region (Amazo-
nia, Congo Basin and Southeast Asia) as a function of all environmental 
variables listed in Extended Data Table 1. Models were fitted separately 



for each biogeographical region to account for region-specific relation-
ships between AGB and environmental drivers. Fitting separate models 
allowed each region to be modelled without forcing a one-size-fits-all 
effect that might not hold everywhere, and also allowed region-specific 
interactions that might not be meaningful globally. Amazon forests 
were subdivided into six ecoregions (Fig. 1a): southwestern Amazon, 
northwestern Amazon, central Amazon, the eastern and western Guiana 
Shields and the southern Amazon), following a previous study34. The 
Congo Basin was subdivided into five ecoregions: Atlantic equatorial 
coastal Congolian, northwestern Congolian, Congolian swamps, central 
Congolian and northeastern Congolian forest, following a previous 
study104. Southeast Asian forests were subdivided into two ecoregions—
Sumatra and Borneo—following the same previous study104.

Some of the climatic variables that could affect AGB strongly 
co-varied (Supplementary Fig. 1) and could have intertwined effects 
on AGB that are difficult to separate. For example, higher MAP across 
the Amazon can be linked to heavy rains with daily precipitation higher 
than 20 mm. We thus used a PCA to reduce the climatic variables into 
a single dimension of climatic variability. This approach reduces the 
influence of collinearity in regression analysis. We specifically included 
ten variables in the PCA: MCWD, MAP, MAT, number of months per year 
with precipitation ≤ 100 mm, number of days per year with precipita-
tion ≥ 20 mm, number of clear days per year, precipitation seasonality, 
temperature seasonality, zonal wind speed and lightning stroke density. 
We found a dominant axis capturing the climatic seasonality marked by 
water deficit and direct solar radiation (Extended Data Fig. 2a), which 
we refer to as the drought axis. Lightning and CAPE were also strongly 
related and therefore we created an index using a PCA that accounts 
for both lightning and CAPE values that are related to windthrows. 
Specifically, we derived a convective storm index by combining excess 
CAPE above a physically meaningful threshold for deep convection 
(1,023 J kg−1) with lightning frequency. CAPE values below this threshold 
have lower windthrow relevance, whereas values above it increase storm 
destructiveness nonlinearly with an eight times higher probability of 
windthrows23. We therefore squared and tripled the excess CAPE (CAPE2 
and CAPE3) term to amplify extreme values and performed a PCA on 
these variables and lightning frequency; the first principal component 
explained 76% of the variance and was used as an integrated predictor 
of storm intensity in all models (Extended Data Fig. 2b).

To analyse AGB at regional scales while accounting for fine- and 
coarse-scale environmental drivers, we aggregated footprint-level 
GEDI observations to 2.5-km pixels by computing the mean AGB and 
associated sample size per pixel. Coarse-resolution environmental 
predictors (temperature, aridity, SPEI, storms, CEC and clay content) 
were assigned to each pixel from the source rasters, and topographical 
variables derived at high resolution (TPI and slope) were summarized 
as pixel mean values. Because topographical variables were at finer 
spatial resolution than climatic variables were, we quantified variance 
before and after aggregation to evaluate the degree of information loss 
and shifts in median values with aggregation (Supplementary Fig. 3). 
Aggregating TPI could mask fine-scale topographical variability, but 
still captures broad-scale patterns in topography, reflecting whether 
an area is plateau-like, or dominated by valleys and small depressions 
or hilltops.

We developed separate LME models to predict AGB for each biogeo-
graphical region (or ecoregion when using footprint-level GEDI data) 
as a function of environmental predictors included as additive terms. 
Predictors included non-collinear climatic variables (aridity axis, MAT, 
drought magnitude based on cumulative SPEI deficit, and storms), 
edaphic variables (CEC and soil clay content), and topographical vari-
ables (slope and TPI at 150 m and 1,000 m spatial scales). To capture 
potential nonlinearities, we tested log-transformed and quadratic 
terms for each predictor, as well as interaction terms to investigate 
the conditional dependency of one variable on another. All predictors 
and AGB were centred within each tropical region and scaled using the 

global standard deviation calculated across all regions. This allows 
the standardized coefficients to be comparable across regions, even 
though the models were fitted separately for each biogeographi-
cal region. Therefore, differences in effect sizes reflect the relative 
importance of environmental drivers on a global scale, while captur-
ing within-region variation. This global standardization ensures that 
differences in standardized coefficients reflect the relative ecological 
importance of each driver rather than differences in covariate ranges 
or distributions within regions. Models were fitted using the lme func-
tion in the nlme R package.

At the aggregated data level, the LME models included random 
effects for spatial location, specifically for grid cells within a fine spa-
tial grid nested within ecoregion, to account for spatial autocorrela-
tion and other influencing factors, including species and functional 
composition34. To account for spatial autocorrelation, we implemented 
a nested random-effect structure, with sampling units grouped into 
50 km × 50-km grids nested within ecoregions. This choice was guided 
by the observation that smaller grid cells at the 2.5-km-pixel scale 
could absorb fine-scale variance in predictors, artificially reducing 
effect sizes. By using larger 50-km grid cells, the models captured 
broad-scale spatial autocorrelation while allowing fixed effects to 
explain the fine-scale variation in AGB. Weights proportional to the 
log-transformed number of GEDI footprints per pixel were applied 
through the varFixed function to account for differences in sampling 
precision, giving greater influence to pixels with more observations. 
We present the methods related to footprint-level analysis by ecoregion 
in Supplementary Methods 8 and the results in Extended Data Fig. 1.

Because the number of possible interactions was very large, we 
used a two-step approach to focus on the most important terms. We 
tested all variables and interaction terms using LASSO, a method that 
identifies which interactions help explain variation in the residuals 
of the random-effects model. Interactions that were identified as 
non-important by LASSO and also had P > 0.05 in the full model were 
excluded, and all main effects were retained. We then treated variance 
inflation factors (VIFs) as a diagnostic of collinearity, and kept ecologi-
cally justified interactions with VIF values up to 10 when effect direc-
tions were stable and supported by LASSO.

For the final aggregated data-based LME models, we calculated the 
marginal R2, which can be interpreted as the variance explained by all 
fixed effects in the model, as well as the conditional R2, which estimates 
the variance explained by fixed (environmental variables) and random 
(spatial grid of 50 × 50 km and ecoregion) effects combined. We com-
pared the R2 values of LME and random forest models as a complemen-
tary analysis to test whether model uncertainties arise from non-linear 
relationships and complex interactions that are difficult to specify in 
LME but can be captured by random forests (Supplementary Table 6).

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The data supporting the findings of this study are publicly available via 
Zenodo at https://doi.org/10.5281/zenodo.19474558 (ref. 105). Version 1 
contains forest structure and environmental data at the GEDI footprint 
level, whereas version 2 contains forest structure and environmen-
tal data aggregated to 2.5 × 2.5-km grid cells. Source datasets used in 
this study are publicly available and include NASA GEDI Level 4A AGB 
density data (https://doi.org/10.3334/ORNLDAAC/2056), WorldClim 
climate data (https://worldclim.org/data/worldclim21.html), the Global 
SPEI database (SPEIbase v.2.10 (Earth Engine Data Catalog and Google 
for Developers)), CHIRPS precipitation data (https://www.chc.ucsb.
edu/data/chirps), the CHIRPS-derived MCWD dataset (https://doi.
org/10.5281/zenodo.4903340), MODIS MOD09GA version 6 surface 
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reflectance data (https://lpdaac.usgs.gov/products/mod09gav061/), 
ERA5 reanalysis data (https://cds.climate.copernicus.eu/datasets/
reanalysis-era5-single-levels), World Wide Lightning Location Network 
lightning data (https://doi.org/10.5281/zenodo.10725446), SoilGrids 
soil data (https://soilgrids.org), OpenLandMap soil data (https://open-
landmap.org), SRTM elevation data from NASA Earthdata (https://
earthdata.nasa.gov) and GLAD intact forest landscapes and global land 
cover datasets (https://glad.umd.edu). All processed data required to 
reproduce the analyses are available in the Zenodo repository.

Code availability
Custom R scripts used for data processing, statistical analyses and 
figure generation are publicly available via Zenodo at https://doi.
org/10.5281/zenodo.19474558 (ref. 105).
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Extended Data Fig. 1 | Separate LME models for each ecoregion based on 
footprint-level GEDI data. Standardized estimates (global scaling, ecoregional 
centring) of the top 3 most influential environmental variables based on their 
coefficient values based on LME models for each ecoregion. LME models 
incorporated climatic (aridity, drought, MAT and storm), soil (clay content  
and CEC), and topographical (TPI at 150 and 1,000 m, and slope) predictors, 
along with their interactions. LME models specified a 10 × 10 km spatial  
grid as random effect to account for spatial autocorrelation. Values to the  
left of the zero line indicate negative model estimates, and those to the  

right indicate positive estimates. Sample sizes: Amazon n ≈ 13,747,868; Congo 
Basin n ≈ 1,637,208; Southeast Asia n ≈ 397,734 footprints. Error bars represent 
mean ± 95% confidence intervals. We show one panel for each ecoregion, 
considering six ecoregions in Amazonia (Northwestern Amazon, Southwestern 
Amazon, Western Guiana Shield, Central Amazon, eastern Guiana Shield and 
Southern Amazon), five ecoregions in the Congo Basin (Atlantic coastal 
forests, Northwestern Congolian, Swamp forests, Central Congolian and 
Northeastern Congolian), and two in Southeast Asia (Sumatra and Borneo).
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Extended Data Fig. 2 | Aridity and storm indices derived from separate 
PCAs. PCA with the three biogeographical regions (Amazon, Congo Basin  
and Southeast Asia) combined shows that: a) one main axis of variation 
corresponds to aridity, with low values corresponding to high water availability 
and high values corresponding to prolonged dry seasons with clear skies.  
The shaded areas correspond to the climatic envelope based on 10 climatic 
variables, namely, MAT, MAP, N° days ≥ 20 mm year−1), MCWD, lightning, CAPE, 
N° months ≤ 100 mm year−1, temperature seasonality, precipitation seasonality 
and N° of clear days. MCWD has negative values, with the highest value as 0.  
It takes value 0 in everwet forests in which precipitation exceeds potential 
evapotranspiration in every month of the year. Thus, higher MCWD values 
correspond to wetter conditions. Bold names indicate variables that had a 

higher contribution to the aridity axis, whereas the other variables did not 
contribute to this aridity dimension (MAT, lightning and CAPE); b) another 
main axis of variation corresponds to convective storms, with low values 
corresponding to low storm intensity and lightning density, and high values 
corresponding to high probability of windthrow and lightning density. We also 
included first- and second-order excess CAPE variables, defined as CAPE values 
above 1023 J kg−1, with values below this threshold set to zero, to account for 
disproportionately high CAPE values that have a high probability of windthrows. 
The shaded areas correspond to the storm index based on lightning density 
and CAPE. Climatic variables at the aggregated level were used for both PCAs, 
with sample sizes as: Amazon n ≈ 216,667; Congo Basin n ≈ 40,306; Southeast 
Asia n ≈ 29,436.



Extended Data Fig. 3 | Correlation analysis among independent climatic, 
soil and topographical variables in the Amazon. Environmental variables are 
MAT, the aridity index from PCA, drought calculated from SPEI, the storm index 
also from PCA, CEC, soil clay content (Clay), TPI in two scales, 150 and 1,000 m, 

as well as slope. Colour and shade intensity reflect the direction and magnitude 
of the correlation. The pairwise scatter plots in the lower triangle correspond 
to the relationship between individual environmental variables. Sample sizes: 
Amazon n ≈ 216,667.
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Extended Data Fig. 4 | Correlation analysis among independent climatic, 
soil and topographical variables in the Congo Basin. Environmental 
variables are MAT, the aridity index from PCA, drought calculated from SPEI, 
the storm index also from PCA, CEC, soil clay content (Clay), TPI in two scales, 

150 and 1,000 m, as well as slope. Colour and shade intensity reflect the 
direction and magnitude of the correlation. The pairwise scatter plots in the 
lower triangle correspond to the relationship between individual environmental 
variables. Sample sizes: Congo Basin n ≈ 40,306.



Extended Data Fig. 5 | Correlation analysis among independent climatic, 
soil and topographical variables in Southeast Asia. Environmental variables 
are MAT, the aridity index from PCA, drought calculated from SPEI, the storm 
index also from PCA, CEC, soil clay content (Clay), TPI in two scales, 150 and 

1,000 m, as well as slope. Colour and shade intensity reflect the direction and 
magnitude of the correlation. The pairwise scatter plots in the lower triangle 
correspond to the relationship between individual environmental variables. 
Sample sizes: Southeast Asia n ≈ 29,436.
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Extended Data Fig. 6 | See next page for caption.



Extended Data Fig. 6 | Effects of interactions between environmental 
variables on predicted AGB, relative to the regional mean AGB, in the 
Amazon. Grey lines are the 10% lowest quantile and black curves are the 90% 
highest quantile of the variable displayed in the title (representing the modifier 
variable) interacting with the x-axis variable. We show the effects of a) ln(MAT) 
with storms; b) storms with ln(MAT); c) ln(MAT) with soil clay content; d) aridity 

with drought; e) drought with aridity; f) ln(MAT) with soil CEC; g) drought with 
slope; h) aridity with storms; i) storms with aridity; j) ln(MAT) with TPI (1000); 
k) ln(MAT) with TPI (150); l) ln(MAT) with aridity; m) aridity with ln(MAT);  
n) aridity with TPI at 150 m scale; o) drought with TPI at 150 m scale; and p) aridity 
with soil CEC. Sample size = 216,667. Predictions were based on LME models.
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Extended Data Fig. 7 | Effects of interactions between environmental 
variables on predicted AGB, relative to the regional mean AGB, in the 
Congo Basin. Grey lines are the 10% lowest quantile and black curves are the 
90% highest quantile of the variable displayed in the title (representing the 
modifier variable) interacting with the x-axis variable. We show the effects of  

a) ln(MAT) with ln(CEC); b) ln(MAT) with aridity; c) ln(MAT) with TPI at 150 m 
scale; d) ln(MAT) with soil clay content; e) aridity with ln(MAT); f) aridity with 
soil CEC; g) aridity with slope; h) aridity with TPI at 150 m scale; i) aridity with 
storms; j) aridity with drought; k) drought with aridity; and l) drought with TPI 
at 150 m scale. Sample size = 40,306. Predictions were based on LME models.



Extended Data Fig. 8 | Effects of interactions between environmental 
variables on predicted AGB, relative to the regional mean AGB, in Southeast 
Asia. Grey lines are the 10% lowest quantile and black curves are the 90% highest 
quantile of the variable displayed in the title (representing the modifier variable) 
interacting with the x-axis variable. We show the effects of a) ln(MAT) with  

TPI at 150 m scale; b) ln(MAT) with aridity; c) aridity with ln(MAT); d) aridity 
with storms; e) aridity with soil CEC; f) aridity with drought; g) aridity with 
slope; h) aridity with TPI at 1000 m scale; i) drought with aridity; j) drought with 
clay; k) storms with slope; and l) storms with aridity. Sample sizes = 29,436. 
Predictions were based on LME models.
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Extended Data Fig. 9 | Climatic, soil and topographical variability  
across tropical forests. Box plot variation of environmental variables across 
six ecoregions in the Amazon (Northwestern Amazon, Southwestern Amazon, 
Western Guiana Shield, Central Amazon, eastern Guiana Shield and Southern 
Amazon), five ecoregions in the Congo Basin (Atlantic coastal forests, 
Northwestern Congolian, Swamp forests, Central Congolian and Northeastern 
Congolian) and two ecoregions in Southeast Asia (Sumatra and Borneo).  
The environmental variables depicted are the ones used explicitly in the LME 
models: a) MAT (°C), b) aridity [-], which is the PCA axis of climatic variables 

that reflect seasonality, precipitation, solar radiation and water deficit 
throughout the year, c) drought magnitude [-], expressed as absolute values  
of the cumulative SPEI, d) storms [-], based on another PCA axis of CAPE and 
lightning frequency, e) CEC (cmolc kg−1), f) soil clay content (%), TPI at g) 150 m 
and h) 1,000 m resolution [-] and i) slope (°). Sample sizes: Amazon n ≈ 216,667; 
Congo Basin n ≈ 40,306; Southeast Asia n ≈ 29,436. In box plots, the centre line 
indicates the median, box bounds the 25th and 75th percentiles (interquartile 
range, IQR), and whiskers extend to the most extreme values within 1.5 × IQR of 
the box bounds.



Extended Data Fig. 10 | Large spatial variation in the number of GEDI 
footprints across the tropics. The number of footprints per hexagon reflects 
the availability of GEDI data (orbital geometry and cloud filtering) and natural 

heterogeneity (i.e. rivers, floodplains, natural wetlands) across lowland 
(between 55 and 900 m elevation) intact landscapes. Each hexagonal point 
corresponds to a grid cell of ~1,770 km² (approximately 50 × 50 km).
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Extended Data Fig. 11 | See next page for caption.



Extended Data Fig. 11 | Variation in predicted AGB in the Amazon, Congo 
Basin and Southeast Asia with soil and topography. Curves are based on  
AGB predictions from LME modelling with environmental variables and their 
interactions as fixed effects, obtained by fitting the model to six ecoregions  
in the Amazon (western Guiana Shield, eastern Guiana Shield, northwestern, 
southwestern, central and southern Amazonian forests), five ecoregions  
the Congo Basin (Atlantic coastal forests, swamp forests, northwestern, 
northeastern and central Congolian forests) and two ecoregions in Southeast 
Asia (Sumatra and Borneo). The model included spatial random effects, 
implemented as random effects of 10 ×10 km grid cells nested within ecoregion, 
to account for spatial autocorrelation in AGB influences due to differences in 

species and functional composition and other terms not included in the model. 
Predicted AGB showed statistical variation with a) CEC, b) soil clay content,  
c) TPI at 150 m scale, d) TPI at 1,000 m scale, and e) slope. β is the standardized 
regression coefficient for their respective environmental variables and  
their two-sided significance level: ns = non-significant, * p-value < 0.05,  
** p-value < 0.005, p-value < 0.005. Exact p-values are provided in Supplementary 
Tables 1–3. Sample sizes: Amazon n ≈ 216,667; Congo Basin n ≈ 40,306; 
Southeast Asia n ≈ 29,436. A description and discussion of these soil and 
topographical relationships with AGB are provided in detail in Supplementary 
Methods 7.



Article

Extended Data Fig. 12 | Distribution of AGB estimated from GEDI.  
a) Relationships between estimated AGB and 98% relative height across three 
biogeographical regions in the tropics from the GEDI data for 2020. Colours in 
the 2D binned density plots represent point density, following a continuous 
gradient from grey (low density) to red (high density). b) Histograms of 

estimated AGB from GEDI across the Amazon, Congo Basin and Southeast 
Asian forests using GEDI data at the footprint level. The vertical solid red lines 
correspond to the median AGB values. Sample sizes: Amazon n ≈ 13,747,868; 
Congo Basin n ≈ 1,637,208; Southeast Asia n ≈ 397,734 footprints.



Extended Data Table 1 | Environmental variables used to model AGB

A summary of the environmental variables (and their corresponding abbreviations in italic) included in the model to predict AGB, alongside the data unit, data source, spatial resolution and 
temporal extant. Because we used GEDI AGB values from January 2020 to December 2020, average values of the climatic variables were calculated at the grid-cell (2.5 × 2.5-km) level as  
the mean over a temporal extent. This time interval reflected data availability across intact forest landscapes and ended in December 2019 to ensure that the analysis captured the effects of 
previous climatic conditions on AGB.








